Economic paradigms and sustainable socioeconomic development of every community depends much on the sustainability of the available water resources. Ground water quality is a very sensitive issue that transcends national boundaries. It is influenced by many factors, including atmospheric chemistry, the underlying geology, vegetation, and anthropogenic activities. Chemical composition of ground water in coastal regions differs broadly depending on diverse geo-hydrology, hydrometeorology, topography, drainage, and other artificial conditions imposed [1] . For decades, research has been focusing on hydrochemical analysis in various ways. The Piper diagram has been applied broadly to investigate the ground water facies of ground water samples for further research, such as revealing the evolution of phreatic water and understanding the hydrochemical characteristics as well as the formation Pol. J. Environ. Stud. Vol. 24, No. 2 (2015), [769][770][771][772][773][774][775][776] 
mechanism of the ground water [2, 3] . However, it is difficult to study the inherent relationship and the interaction of these values by the common methods, some more sophisticated data analysis techniques are required to interpret ground water quality effectively. Statistical analysis, based on the theory of statistics, can describe water quality factors macroscopically with the neglect of the evolution mechanism of hydrochemical components. The application of different multivariate statistical approaches such as principal component analysis (PCA), factor analysis (FA), discriminate analysis, and cluster analysis (CA) have been widely used to achieve great efficiency of data compression from the original data and to interpret natural associations between samples or variables, highlighting information that is not available at first glance [4] . Recent studies have confirmed the usefulness of these techniques which have been employed to extract critical information from hydrochemical datasets with respect to ground water quality assessment in several studies [5] [6] [7] [8] . The combined use of principal component analysis (PCA) and cluster analysis enabled the classification of water samples into distinct groups on the basis of their hydrochemical characteristics.
PCA is a statistical data reduction tool that can be used to aggregate the effects of many variables into a small subset of factors [9] . This method can be used to interpret observed relationships among variables, to yield simpler relationships that provide insight into the underlying structure of the variables, to assess controls on ground water composition, and to evaluate the spatial distribution of the studied pollutants [10] . It assesses the associations between variables as it indicates the participation of individual chemicals among several factors of influence [11] [12] [13] [14] . Cluster analysis is a multivariate statistical method aiming to perform classification by assigning observation to a group to make the variable more or less homogeneous and distinct from other groups [15] . Hierarchical cluster analysis, as one branch of cluster analysis, has the advantage of not demanding any prior knowledge of the number of clusters that the non-hierarchical method does [16] . As one of its widespread uses in the field of hydrochemistry, the HCA had been applied successfully in earlier studies to identify the chemical relationships between the water samples by grouping these water samples according to their different chemical characteristics [17] [18] [19] [20] .
The focus of the present paper lies in: 1) Piper diagram was practiced to find out the chemical type of the studied wells 2) PCA to identify the controlling processes of ground water quality and to interpret the relative importance of the chemical variables 3) HCA to regroup the monitored wells in the study area
Experimental Procedures
The study area, Dongshan, is a county of far southern Fujian Province (left part of Fig. 1 ), People's Republic of China, facing Taiwan and next to Hong Kong and Macao. It is considered an important port for international trade and trade with Taiwan and is under the administration of Zhangzhou City and comprises 44 islands for a total area of 194 square kilometers. It lies between 117º17′ E-117º35′ E longitude, 23º33′ N-23º47′ N latitude, consisting of Dongshan Island and the remaining 44 small islands (Fig.  1) . The total length of coastline is around 200 m. It is influenced under the subtropical marine monsoon climate. The annual average temperature is about 20.9ºC and varies between 13.1 in January and 27.3 in July. Annual average rainfall is about 1224. 9 mm, most of which occurs during May and September. A typical feature in the study area is frequent typhoons during July and September. Due to the topography, the water body is not well developed within Dongshan town, surface water is scare, and ground water has become a dependent source of water supply and servers in many aspects. The selected ground water quality data of , and NO 3¯ are considered in the charge balance error calculation for each sampling period. The CEB ranges from 0.07% to 2.97%, and with an average value of 1.67%. Therefore, the percentage error of charge balance is acceptable in the present study.
Piper Diagram
The piper diagram is a graphical method of ground water classification using a trilinear diagram that contains the concentration of major cations (Ca ). The cations and anions are shown by separate ternary plots. The apexes of the cation plot are calcium, magnesium, and sodium plus potassium. The apexes of the anion plot are sulfate, chloride, and carbonate, plus hydrogen carbonate anions. The two ternary plots are then projected onto a diamond. In the diagram, a water sample is presented with three points, one in each triangle and one in the diamond. The software package Rockware Aq.QA [22] was used to develop the piper diagrams for the classification of water type in this paper.
Principle Component Analysis (PCA)
The method of principal components is a special case of the more general method of factor analysis. The aim of PCA is construction of new variables called principal components out of a set of existing original variables. The new variables are a linear combination of the existing variables. The PCA is performed to reduce the large data set of variables into a few factors called the principal components, which can be interpreted to reveal underlying data structure. The basic is to classify the variables according to the correlation, i.e., put the variables with high correlation together, whereas the variables with low correlation come from different classes. The aim is to describe the raw data by using the sum of a special factor and a linear function of the fewest common factors on the purpose of interpreting the correlation and simplifying the dimensions. Three steps were followed in carrying out the PCA: computation of correlation matrix by determining the correlation coefficient, estimation of the factor loadings, and factor rotation and interpretation. For the initial factor extraction, Kaiser's [23] eigenvalue criterion of retaining only those components/ factors whose eigenvalues are greater than 1 was adopted. Other criteria used to determine the appropriate number of components to retain include scree plot, variance, and residuals. Kaiser's varimax rotation, an orthogonal rotation procedure that produces a set of component loadings having the maximum variance of the squares of the loadings is used in conducting the principal component analysis to make the factor solutions more interpretable without altering the underlying mathematical structure [24] .
Hierarchical Cluster Analysis (HCA)
Cluster analysis is a statistical method for classification. It groups samples by linking inter-sample similarities and illustrates the overall similarity of variables in the data set [25] . Typical cluster models include connectivity models, centroid models, and distribution models and so on. Hierarchical cluster analysis is the major method for finding a relatively homogeneous cluster of cases based on measured characteristics. It starts with each case as a separate cluster, i.e. there are as many clusters as cases, and then combines the clusters sequentially, reducing the number of clusters at each step until only one cluster is left.
The software package SPSS version 21 was applied for statistical analyses. The techniques contained descriptive statistics, factor analysis, and hierarchical cluster analysis.
Results and Discussions
The univariate descriptive statistical overview of the hyrochemical data of groundwater sampled is presented in Table 1 . The distributions of the water quality parameters were assessed by determining minimum, maximum, mean and standard deviation for each of the 11 variables. We can observe that there was a similar trend of hydrochemical parameters in summer and post-monsoon. The coefficient of variation (CV) is employed to measure the variability of these parameters since some of them have different units. CV eliminates the unit of measurement from the standard deviation of a series of numbers by dividing it by the mean of this series of numbers [12] .
Principle Component Analysis
PCA was performed on the standardized data set of 11 water quality parameters. Table 2 shows the loading for varimax rotated factor matrix, the eigenvalues, the percentage of variance, and the cumulative percentage of the rotated variance associated with each other. The factor loading matrix was rotated in the approach of varimax orthogonal rotation.
In the summer data set, three significant PCs explain 90.28% of the total variation in the hydrochemistry. Most of the variance is contained in factor 1 (51.69%), which is associated with the variables TH, TDS, Mg . Factor 1 could be interpreted as the salinization factor. Salinization refers to an increase in the concentration of total dissolved solids in water and can often be detected by an increase in chloride, which was proportionally correlated to the cations like sodium and magnesium. Factor 2 represents 22.42% of the total variation in the hydrochemistry and has high loadings for pH, HCO 3¯, and Mn. It was obvious that Mn was negative, which meant that its concentration was reduced. In the meantime, factor 2 had a strong positive loading on pH and HCO 3¯, which indicated that the concentration of HCO 3¯ increased with increases of pH values in a certain range and is assumed to be indicative of water-rock interaction. The variables Ca 2+ and NO 3¯ contribute most strongly to the third component, which explains 16.17% of the total variance. The strong positive correlation of calcium might due to the weathering and the presence of calcium in the rocks of the study area. What's more, the moderate positive correlation of nitrate showed anthropogenic pollution, such as the use of nitrogenous fertilizers in the rural part. In the post-monsoon data set, there were still three principle factors extracted from the water quality data set with eigenvalues no less than 1. Factor 1, accounting for 45.96% of variability, is strongly loaded with TDS, Mg 2+ , Na + and Cl¯, and moderately loaded with TH and SO 4 2- . This factor could be treated as a process of ion exchange because of the changing hydraulic and climatic conditions. Factor 2 accounted for nearly 19.36% of variance and loaded three parameters: moderately correlated TH and strongly correlated Ca 2+ and NO 3 . TH was a measure of the total concentration of the calcium and magnesium. As shown in Table  1 , the max value of TH has been above the permissible limit of the quality standard for ground water in China (≥550 mg/L). This phenomenon in the study area might be imputed to the geological formation of the study area, the improper disposal of wastewater, and the distribution of agricultural activities; hence some measures should be taken like the water softener process and adequate fertilizer. Factor 3 accounted for about 17.96% of variability, including pH, HCO 3¯, and Mn. This factor might be related to mineral weathering. The value of pH had a negative effect on the precipitation of local minerals.
Hierarchical Cluster Analysis
Cluster analysis was applied to combine the wells in the study area into homogenous groups due to their ground water quality. In this study, Ward linkage method with squared Euclidean distance was used to group the studied wells into clusters. Cluster analysis suggests three groups of groundwater (Fig. 2, Tables 3 and 4) . According to Fig. 2(a) , in post-monsoon season cluster 1 is composed of 8 wells and concerns the largest proportion of the total water sam- Table 3 . Mean values and standard deviation of water quality parameters of water samples post-monsoon in 2011 (wells are representative with the last four numbers). Compared with the quality standard for ground water, these studied wells had good water quality for both industrial production and drinking. Cluster 2 had the highest mean values of Ca 2+ , NO 3 , and Mn. It should be noted that the concentration of nitrate exceeded the limit of the quality standard for ground water in China, which had a ceiling of 20 mg/L for drinking. Cluster 3 was considered as suffering most from the salinization since these wells of this cluster owning the maximum of TDS as well as the
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Yang Q., et al. 2-and Cl¯. Moreover, the concentrations of TDS, TH, and Cl¯ of these wells were definitely more than the threshold values for drinking or direct use. Fig. 3(a) showed the location of the studied wells and their classification based on the cluster analysis.
According to Fig. 2(b) and Table 4 , although the clusters had the similar trend of the concentration of each water quality parameter compared with the statistics of the post-monsoon, the distribution of the studied wells had a slight change. Fig. 3(b) showed that the wells (2005, 2009 , 0057, and 2023) had been classified differently. It might be thought of as a change caused by spatial and temporal variation. As these observation wells were located on the shallow aquifer in a simple geological unit, the two wells near each other might have a near relation of hydraulic connection, which means the water quality varied accordingly. On the other hand, it can be seen that the water quality of the wells becomes worse from the premonsoon to summer, which might be attributed to anthropogenic pollution and mineral dissolution.
Plots of hydrochemical data on Piper [26] trilinear diagram (Fig. 4) show the distribution of chemical constitiuents (cations and anions) in groundwater within the area. From this plot, one can observe that the blended water types exist within the area, for the cations the water samples of Ca-Mg-type and Na-K-type show similar dominance. While for the anion type, SO 4 -Cl-type of water predominated both in the pre-monsoon and the summer, this phenomenon is more notable (accounting for more than 70% of the total samples) in the summer, which is supposed to result from the decrease of the water table in summer and the subsequent seawater intrusion since the samples are proximate to the sea. Still, the further study should be done to interpret the possible hydrological processes affecting ground water quality in the study area.
Conclusions
Multivariate statistical techniques including principal component analysis and hierarchical cluster analysis have successfully been used to derive information from the data set about the possible influences of the environment on groundwater quality, and also to identify natural groupings in the set of data. These methods are important to avoid misinterpretation of environmental monitoring data due to uncertainties. This study has employed standard multivariate statistical techniques and traditional graphical methods to identify the factors or sources responsible for water quality variations and hydrochemical characterization in a coastal aquifer in South China. Interpretation of analytical data showed that the abundance of the major ions is as follows: Na+>Ca 3 , and Mn into three orthogonal principal components, accounting for 90.3% and 83.3% of the total variance in the summer and post-monsoon dataset. Based on similarities in water quality characteristics, HCA grouped the 12 sampling sites into 3 clusters. The multivariate statistical techniques used in this study served as an effective tool for the analysis and interpretation of water samples, identifying water quality factors and understanding temporal and spatial variations in water quality for effective water quality management. 
